consists of three main steps: 1) Reference-based known microbial abundance Machine learning predictive analysis. Figure 1 presents the procedures to extract the We analyzed four publicly-available shotgun-sequenced metagenomics datasets related to previously built a Random Forest model for each dataset based on known microbial 1 5 2 species abundance extracted by MetaPhlAn2 [18] . We show that our prediction pipeline 1 5 3
can give better prediction accuracy. Detailed information of the four metagenomic datasets analyzed in this paper is provided. The To test the predictive power of the viral organisms within the microbial community, we prediction accuracy using the abundance profiles of known viruses was much lower than 1 8 5 the prediction accuracy using the abundance profiles of known microbials including association study. On the other hand, we acknowledge that the increase in prediction 1 9 0 accuracy for KarlssonFH_T2D is negligible. Considering the fact that there were only 28 1 9 1 unknown viral contigs found for this dataset, the abundance of unknown viruses were too 1 9 2 small to play a role in the prediction analysis hence the low AUC increment. The relative 1 9 3 low prediction accuracy for the two T2D datasets using both known and unknown viruses 1 9 4
suggests that viruses may not play important roles in T2D. The relative high prediction 1 9 5 accuracy for liver cirrhosis using known viruses suggests that some of the known viruses inclusion of unknown viruses significantly increased the prediction accuracy compared to We also performed alpha diversity analysis for both microbial ( Figure 3A ) and viral 2 0 7
( Figure 3B ) abundance profiles in the cases and controls. Figure 3 shows the results of 2 0 8
using the abundance profiles of both known and unknown microbial organisms. Alpha diversity results based on the abundance profiles of only known or unknown organisms 2 1 0 are provided in Supplementary Figure 2 and 3, respectively. For microbial alpha diversity 2 1 1 ( Figure 3A ), a consistent pattern of the case being less diverse is observed, which is 2 1 2 consistent with the alpha diversity results for bacterial organisms in most studies. This 2 1 3 pattern is most remarkable for QinN_LC, which corresponds to its high AUC score when 2 1 4
using microbial abundances to differentiate between cases and controls ( Figure 2A ). We 2 1 5 did not identify statistical significant differences for the viral alpha diversity between 2 1 6 cases and controls for liver cirrhosis (QinN_LC) and type 2 diabetes (Karlsson_T2D,
QinJ_T2D) at the type I error of 0.05. Surprisingly, we discovered that the viral diversity in CRC cases is much higher than that in the healthy controls, a finding consistent with the result from a recent study of Nakatsu et al. [29] who studied the viromes in CRC cases 2 2 0 and controls. We explored the microbial organisms that were significantly associated with a certain 2 2 5 disease type in the metagenomics analysis. In our study, significantly associated Random Forest model. We repeatedly ran Random Forest model for 30 times and selected 2 2 8 ten organisms with the highest importance scores. We considered an organism significant 2 2 9
only if its selection frequency was above 18 in 30 runs. (Figure 4 ) salivarius were among the top 15 species that were more prevalent for liver cirrhosis 2 3 5 patients. However, due to the tremendous increase in the reference genome database 2 3 6 sequences, we found several new species associated with diseases that were not included 2 3 7
in the database of original papers. For example, we discovered a number of organisms which were predictive of liver 136. These organisms frequently inhabit the oral cavity and many are pathogenic. For Fusobacterium was considered part of the normal oral microbiome, the current consensus
is that Fusobacterium should always be treated as a pathogen [31] and has been linked to 2 5 1 periodontal diseases, ulcerative colitis, and colon cancer. These organisms originate from 2 5 2 the mouth, but may also inhabit the intestine [32] . Even though our model discovered new 1 6
Many studies have described the development of computational tools to investigate the 3 0 6 association of microbial organisms with complex traits. However, most of the available 3 0 7 tools focus on the microbial species with a known reference genome and the reads not useful information. In order to address this issue, we developed the MicroPro pipeline 3 1 0 that extracts both known and unknown microbial features within metagenomic datasets.
3 1 1
We tested MicroPro in a disease prediction study involving four public metagenomic the power of predicting disease when using known virus only, was no better than random 3 2 8
guess. However, the inclusion of unknown viral features remarkably increased the 3 2 9
prediction accuracy. Therefore, our pipeline was able to distinguish the role of viruses by 3 3 0 investigating unknown features. We also discovered many novel microbial associations with specific diseases and disease 3 3 3
prediction. Some of these associations are consistent with what has been described in the 3 3 4
past. Even though we discovered new organisms predicting liver cirrhosis, however, 3 3 5
those germs seem to originate from the mouth, a concept that is consistent with prior 3 3 6
findings. Nevertheless, these discoveries may set the foundation for development of We acknowledge that there are limitations of our pipeline. Although unknown features understand the roles each bin playing in diseases. Also, the disease prediction study is analysis, MicroPro is readily to be applied to any type of phenotype prediction 3 5 0 metagenomics studies. By fully utilizing both known and unknown organisms including 3 5 1 viruses in microbiota, we expect MicroPro will help to largely improve the prediction 3 5 2 accuracy and facilitate biomarker detections. MicroPro provides a highly useful tool to study the associations between microbiota and We downloaded all the datasets using the links provided in the original papers [8] [9] [10] [11] . We 3 6 7 denote each data by the last name, followed by the initial of the given name of the first 3 6 8 1 9
author and then the disease. The number of cases and controls are given in Table 1 . For 3 6 9
ZellerG_CRC, the "small adenoma" samples were treated as controls while the "large 3 7 0
adenoma" samples were removed. Cross-assembly needed large amounts of computing resources. We successfully data. However, for the largest dataset QinN_LC, after using all its reads for known (which was the best we could do) of the unmapped reads to do cross-assembly due to 3 7 7 limited computing memories. MicroPro: a pipeline of predicting phenotypes based on metagenomics data Step 1: Reference-based known microbial abundance characterization We used Centrifuge [19] to map the reads to the microbial genomes and calculated the 3 8 4 abundance profiles of known microbial organisms from the metagenomics data. Centrifuge is an alignment-based taxonomic profiling tool. Its microbial database performs well especially in the presence of reads mapped to multiple genomes and 3 9 1 multiple locations in the same genome. In our study, we adopted the species abundance 3 9 2 calculated by Centrifuge as the known microbial feature. Step 2: Estimating abundance profiles of unknown microbial organisms based on reads 3 9 5
assembly followed by contig binning 3 9 6 3 9 7
Although Centrifuge accurately characterizes known microbial relative abundance 3 9 8
profiles, a large fraction of reads cannot be mapped to the known microbial organisms. The average mapping rate for each dataset is about 35% -40% in our study 4 0 0
( Supplementary Figure 1) . The large amount of unmapped reads can potentially provide 4 0 1 extra information on the prediction accuracy of phenotypes based on the metagenomics 4 0 2 data. Therefore, our main objective in this step is to take into account the unmapped reads 4 0 3 for phenotype prediction. After filtering out mapped reads from the metagenomics data, we performed using BWA-aln [50] with parameter "-n" set as 0.03 (only alignments with more than 97% 4 2 8
accuracy were considered mapped). Then we calculated the length normalized read 4 2 9 counts (rc) for each contig according to the mapping results. Finally, for each contig bin 4 3 0 2 2 (i.e each unknown organism), we took the average rc of all the contigs that belonged to it 4 3 1
as an approximation of its real rc. Thus, we could compute the unknown feature for all 4 3 2 contig bins using the above formula. The next step was to combine the known feature and 4 3 3 the unknown feature, and perform the prediction analysis. Step 3: Predicting phenotypes using Random Forests 4 3 6 4 3 7
In the above two steps, we extracted the relative abundance profiles of both known and 4 3 8
unknown microbial organisms. Then, it is natural to combine them and train a machine and test set with ratio 7:3. During model training, we adopted 10-fold cross-validation to 4 4 4 tune the parameters for best predictive performance. In terms of the measure of prediction 4 4 5 accuracy, we adopted the Area Under the receiver operating characteristic Curve (AUC) 4 4 6 score, a widely used performance measure of the classification model. An AUC score 4 4 7 close to 1 indicated perfect classification, while a 0.5 AUC score revealed that the model was as poor as a random guess. We repeated the above procedure for 30 times and the 4 4 9
average AUC score was reported. comparison and obtained the AUC scores presented in Table 1 . Pipeline presented in the previous section, except that we add a step of viral contigs 4 6 6
detection. The full pipeline is shown below. Step 1: Known viral abundance extraction based on an EM algorithm. Again, we adopted the abundance in the Centrifuge output as 4 7 4
the known viral feature. Step 2: Unknown viral feature detection 4 7 7 4 7 8
We performed cross-assembly on the unmapped reads filtered out by Centrifuge results. Before metagenomic binning, we applied VirFinder [28] for viral contigs detection. 
